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Abstract
Background: Although many infections that are transmissible from person to person are acquired through direct
contact between individuals, a minority, notably pulmonary tuberculosis (TB), measles and influenza are known to
be spread by the airborne route. Airborne infections pose a particular threat to susceptible individuals whenever
they are placed together with the index case in confined spaces. With this in mind, waiting areas of healthcare
facilities present a particular challenge, since large numbers of people, some of whom may have underlying
conditions which predispose them to infection, congregate in such spaces and can be exposed to an individual
who may be shedding potentially pathogenic microorganisms. It is therefore important to understand the risks
posed by infectious individuals in waiting areas, so that interventions can be developed to minimise the spread of
airborne infections.
Method: A stochastic Monte Carlo model was constructed to analyse the transmission of airborne infection in a
hypothetical 132 m
3 hospital waiting area in which occupancy levels, waiting times and ventilation rate can all be
varied. In the model the Gammaitoni-Nucci equation was utilized to predict probability of susceptible individuals
becoming infected. The model was used to assess the risk of transmission of three infectious diseases, TB, influenza
and measles. In order to allow for stochasticity a random number generator was applied to the variables in the
model and a total of 10000 individual simulations were undertaken. The mean quanta production rates used in the
study were 12.7, 100 and 570 per hour for TB, influenza and measles, respectively.
Results: The results of the study revealed the mean probability of acquiring a TB infection during a 30-minute stay
in the waiting area to be negligible (i.e. 0.0034), while that for influenza was an order of magnitude higher at
0.0262. By comparison the mean probability of acquiring a measles infection during the same period was 0.1349. If
the duration of the stay was increased to 60 minutes then these values increased to 0.0087, 0.0662 and 0.3094,
respectively.
Conclusion: Under normal circumstances the risk of acquiring a TB infection during a visit to a hospital waiting
area is minimal. Likewise the risks associated with the transmission of influenza, although an order of magnitude
greater than those for TB, are relatively small. By comparison, the risks associated with measles are high. While the
installation of air disinfection may be beneficial, when seeking to prevent the transmission of airborne viral
infection it is important to first minimize waiting times and the number of susceptible individuals present before
turning to expensive technological solutions.
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Although many infections that are transmissible from
person to person are acquired through direct contact
between individuals [1], a minority, notably tuberculosis
(TB) [2-5], measles [6] and influenza [7], are known to
be spread by the airborne route. Airborne infections
pose a particular threat to susceptible individuals when-
ever they are placed together with the index case in
confined spaces [5]. Indeed, numerous outbreaks have
occurred due to the liberation of airborne infectious
particles in enclosed spaces, some involving large num-
bers of people [8-11]. With this in mind, waiting areas
of healthcare facilities present a particular challenge
[12], since large numbers of people, some of whom may
have underlying conditions which predispose them to
infection, congregate in such spaces and can be exposed
to an individual who may be shedding potentially patho-
genic microorganisms. It is therefore important to
understand the risks posed by infectious individuals in
waiting areas, so that interventions can be developed to
minimise the spread of airborne infection.
While much has been written concerning the spread
of airborne infection in buildings, most of this work has
focused on individuals who spend days, or even weeks,
in an enclosed space [8,13,14]. By comparison, very little
work has been undertaken on those applications, such
as waiting areas, where individuals spend comparatively
little time in an enclosed space. When exposure times
are short, the risk that any transmission will occur is
strongly influenced by chance events. Consequently,
when evaluating risk, deterministic methodologies are
only of limited value. Stochastic methodologies are
much more appropriate, as these allow the effect of
chance variations to be readily evaluated. Therefore, in
order to gain a greater understanding of the risks asso-
ciated with airborne transmission when exposure times
are short, we constructed a stochastic Monte Carlo
model using the Gammaitoni-Nucci equation [5,15] to
calculate the risk posed by infected individuals in the
waiting areas of healthcare facilities.
Method
A stochastic Monte Carlo model was constructed, using
Microsoft Excel, to analyse the transmission of airborne
infection in waiting areas. In this model we utilized the
Gammaitoni-Nucci equation [15] below (equation 1), to
predict probability of susceptible individuals becoming
infected.
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Where P is the probability of infection of susceptible
individuals, p is the pulmonary ventilation rate (m
3/h), I
is the number of infectors, j is the quantum generation
rate (quanta/h), V is the room volume (m
3), N is the
room ventilation rate (air changes/h), and t is the expo-
sure time for susceptible individuals (h).
Equation 1 is derived from the following fundamental
e q u a t i o n sf o rt h er a t eo fc h a n g eo fs u s c e p t i b l ei n d i v i -
duals and quanta with time:
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Where, S is the number of susceptible individuals, t is
time (h), n is the number of quanta of infection in the
air (quanta), and, q = Ij,i . e .t h et o t a lr a t eo fq u a n t a
generation by all infectors (quanta/min).
Gammaitoni and Nucci solved these equations to give
the quanta in the air at time t, nt, as:
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and the number of susceptible persons at time t,f o r
an initial quanta level of n0 = 0 as:
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Where, St is the number of susceptible individuals at
time t,a n dS0 is the number of susceptible individuals
at time t =0h .
Mathematical models examining the spread of air-
borne infection in confined spaces were first developed
by Wells [16]. In an attempt to describe the stochastic
behaviour of airborne infection, he introduced a unit of
infection termed the ‘quantum’, defined as the infectious
dose required to infect (1 - e
-1) (i.e. 63.2%) of the people
in an enclosed space. Despite its stochastic definition,
the number of quanta in a room is generally considered
to be a physical measure of the infectious material pre-
sent, which effectively indicates both the quantity and
pathogenicity of the infectious material present in the
air, as well as the average susceptibility of the indivi-
duals in the enclosed space. Riley et al. [6] modified
Wells’ original model, to give an expression known as
the Wells-Riley equation [5,8], reflecting the exponential
increase in the number of new cases of infection with
time for steady-state quanta levels in a room space. In
our study, because we were interested in transmission
that might occur during the relatively short periods of
time in which patients spend in waiting rooms, we
chose to the use Gammaitoni-Nucci equation (which is
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a modified version of the Wells-Riley equation, that
takes into account transient behaviour over short peri-
ods of time. According to the Gammaitoni-Nucci
equation, the number of new infections, C, is given by:
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Where S is the number of susceptible individuals
present.
In our model it was assumed that:
￿ Only one infectious individual is present in the
waiting room during each simulation.
￿ While susceptible individuals may become infected,
they cannot infect anyone else in the waiting room
because they leave it before they themselves become
infectious.
￿ The waiting room is ventilated with outside air at a
constant flow rate.
￿ The air in the waiting room is well mixed, so that
infectious particles are evenly distributed throughout
the room space.
￿ The values of p, j, t and S vary and are normally
distributed.
In order to allow for the inherent stochasticity asso-
ciated with airborne infection, a total of 10000 indivi-
dual simulations were undertaken. In each simulation
the Gammaitoni-Nucci equation was used to calculate
the risk of susceptible individuals becoming infected,
assuming that one infectious person was present in a
waiting room at all times. While mean values and stan-
dard deviations for p, j, t and S were specified by the
user, to ensure stochasticity a normally distributed ran-
dom number generator was used in the model to deter-
mine the precise values of these variables for each
simulation.
We used our model to evaluate the spread of the three
real and one hypothetical infection characterized in
Table 1. The quanta production rates for the influenza
and measles outbreaks were values used by Rudnick and
Milton [17], while the value for TB was that derived by
Nardell et al. [8] from an outbreak in the USA. These
values were chosen because they are indicative of the
relative infectivity of the various diseases. For illustrative
purposes we added a hypothetical infection with an air-
borne route of transmission in which the quanta pro-
duction rate was very high. For each of these infections
we applied a standard deviation equal to 25% of the
mean quanta production value. We applied the data in
Table 1 to a default waiting room characterized by the
assumed data in Table 2.
Having determined the risk of airborne transmission
under the default conditions, a sensitivity analysis was
undertaken to determine the impact of variations in: (i)
the room ventilation rate; and (ii) the mean waiting
time, on the spread of disease.
Results
Figure 1 shows the results of the Monte Carlo analysis
for the four infections under the default conditions.
From this it can be seen that, unlike the deterministic
approach which yields a single probability value, the sto-
chastic model returns a range of outcomes - from ‘low
risk’ events in which the probability of infection is small,
to ‘high risk’ events in which the chance of contracting
an infection is much greater. From Figure 1 it is evident
that as the quanta production rate increases so the fre-
quency distribution curve lengthens and flattens, with
the mean probability becoming greater and the number
of ‘high risk’ transmission events greatly increasing.
Consequently, susceptible individuals are at much
greater risk of contracting an infection when quanta
production rates are higher.
From Figure 1 above it can be seen that, as the quanta
production rate rises, so the number of ‘high risk’ trans-
mission events also increases. This phenomenon is par-
ticularly important, as it is these ‘high risk’ events that
are most likely to result in the transmission of infection.
Table 3 summarizes the probability frequency distribu-
tion curves shown in Figure 1 and gives a breakdown of
the percentage of individuals at risk of contracting an
infection for a range of quanta production levels. From
this it can be seen that as the quanta production rate
increases, so the percentage of simulations in which
individuals have, say, a >10% risk of contracting an
infection rises asymptotically. So while only 0.3% of
influenza simulations result in a >10% risk, 59.1% of
Table 1 Characteristics of the airborne infections analysed in the study
Infectious agent Mean quanta production rate (quanta/h) Standard deviation (quanta/h)
Mycobacterium tuberculosis 12.7 [8] 3.0
Influenza virus 100.0 [17] 25.0
Measles virus 570.0 [17] 143.0
Hypothetical 2000.0 500.0
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transmission.
The results of the sensitivity analysis are presented in
Figures 2 and 3. The results of varying patient waiting
times are presented in Figure 2, which shows the mean
probabilities for the four study infections. From this it
can be seen that:
￿ The longer the patients spend in the presence of
the infectious individual (i.e. waiting time), the
greater the risk of transmission of infection.
￿ T h eg r e a t e rt h eq u a n t ap r o d u c t i o nr a t e ,t h em o r e
non-linear the relationship between waiting time and
the probability of infection.
￿ The risk of contracting TB or influenza is relatively
small. However, the risks associated with the other
two infections are much greater. Indeed, patients in
t h ep r e s e n c eo fa ni n d e xc a s eo fm e a s l e so rt h e
hypothetical infection may become infected after
relatively short exposure time.
For example, it can be seen from Figure 2 that the
mean probability of acquiring a TB infection during a
30-minute stay in the waiting area is negligible (i.e.
0.0034), while that for influenza is an order of magni-
tude higher at 0.0262. By comparison the mean prob-
ability of acquiring a measles infection during the same
period is 0.1349. If however, the duration of the stay is
Table 2 Waiting room default characteristics
Characteristic Default value Standard deviation
Length of room 8.00 m n.a.
Width of room 6.00 m n.a.
Height of room 2.75 m n.a.
Volume of room 132.00 m
3 n.a.
Room ventilation rate 4.0 Air changes per hour (outside air) n.a.
Mean number of susceptibles 19 10
Mean pulmonary ventilation rate 0.48 m
3/h [25] 0.20 m
3/h [25]
Mean waiting time 30 minutes 10 minutes
n.a. = not applicable
Figure 1 Probability frequency distributions for the various diseases under the default conditions.
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0.0087, 0.0662 and 0.3094, respectively.
The results of varying the room ventilation rate are
presented in Figure 3, which shows the mean probabil-
ities for the four infections studied. From this it can be
seen that while increased ventilation rates reduce the
risk of transmission for all the infections, at high quanta
production rates there is still a relatively high probability
that infection will spread even at a ventilation rate of
12 air changes per hour.
Discussion and conclusion
The transmission of airborne disease is essentially a sto-
chastic process, strongly influenced by chance events
and system variance. It is therefore important to take
this into account when modelling the airborne transmis-
sion of infection. The Gammaitoni-Nucci and Wells-
Riley equations have frequently been applied in a deter-
ministic manner [5,6,8]. Although this approach has
merit, with a deterministic methodology it is only possi-
ble to determine the mean probability of a susceptible
person becoming infected - it is not possible to predict
those chance ‘high risk’ events that are most likely to
result in the transmission of infection. Given that it is
the ‘high risk’ events, rather than the mean probability
that are critical, we adopted a stochastic methodology in
our study to overcome some of the shortcomings asso-
ciated with the deterministic approach.
From Table 3 it can be seen that as the quanta pro-
duction rate rises, so the standard deviation of the
results greatly increases. Consequently, the number of
‘high risk’ events associated with infections such as
measles, are much greater than, say, for TB. Indeed, our
analysis suggests that under normal conditions (i.e.
without other complicating factors which might increase
the production of droplet nuclei [5]) the chances of con-
tracting tuberculosis in the waiting room under the
default conditions are minimal. By comparison, if an
infectious individual with measles is present in the wait-
ing room, then under the same default conditions, the
risk of transmission will be >10% on 59% of occasions,
with the result that transmission of this disease is very
likely to occur. This is reflected in the differences in
observed attack rates for viral infections such as measles
Table 3 Frequency distribution of the probability of transmission in the waiting room under default conditions
(assuming mean values for p, t and N of 0.48 m
3/h, 30 minutes and 4 AC/h, respectively)
Infection Mean quanta
production rate
(quanta/h)
Simulations
resulting in a risk
>1% [%]
Simulations
resulting in a risk
>5% [%]
Simulations
resulting in a risk
>10% [%]
Simulations
resulting in a risk
>20% [%]
Simulations
resulting in a risk
>30% [%]
TB 12.7 1.8 0.0 0.0 0.0 0.0
Influenza 100 81.4 10.1 0.3 0.0 0.0
Measles 570 97.6 83.3 59.1 21.0 5.4
Hypothetical 2000 99.4 96.5 91.6 78.5 61.2
Figure 2 The effect of varying patient waiting time on the risk of transmission under the default conditions (assuming mean values
for p and N of 0.48 m
3/h and 4 AC/h, respectively). (Error bars represent one standard deviation from the mean.)
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pulmonary TB. Indeed, our finding reinforces current
guidance on TB prevention in the United Kingdom
which recommends that periods of exposure to an infec-
tious person in a confined space of less than eight hours
should not be considered a significant risk [19].
Beggs et al. [5] demonstrated that length of exposure
time plays a critical role in the transmission of TB. In
most situations (i.e. situations where artificial aerosols
are not generated) TB is not easily transmitted and long
periods of exposure are generally required in order to
contract an infection [2,5]. In the 1950s, Riley et al.
undertook a study in a well-ventilated TB ward in a Bal-
timore, MD Hospital, from which they estimated that
‘one unit of infection’ was suspended in every 15 000-20
000 ft
3 (500-667 m
3) of air in the ward [2]. From this
they concluded that airborne M. tuberculosis bacilli were
“not very numerous even in the vicinity of patients”, and
that it would take the “better part of a year” for a nurse
working on a TB ward to breathe in 500-667 m
3 of air.
The results of our study concur with this opinion and
suggest that, although sporadic transmission may occur,
the duration spent by most patients in waiting is too
short for the risk of contracting TB to be anything other
than minimal. Having said this, it should be noted that
our study assumed: (i) the presence of only one infec-
tious individual and (ii) a waiting area typical of that
found in a UK hospital (i.e. not overcrowded). In many
developing countries these assumptions may not be
valid. In such countries hospital waiting areas are often
very overcrowded, waiting times may be long (i.e. sev-
eral hours), and more than one infectious individual
might be present. Under such circumstances the risk of
TB transmission is likely to be greater.
One factor that can vary greatly from day-to-day is the
number of susceptible patients present in a waiting
room at any given time. This, fact (often overlooked) is
important because it has a profound effect on the num-
ber of people who are likely to contract an infection. If
for example, the personal risk of contracting a given
infection is constant, then equation 6 indicates that the
likelihood of a person within the waiting area becoming
infected is ten times greater if there are 20 susceptible
people in the room, rather than just two. Although, the
personal risk of contracting an infection is independent
of the occupancy density (i.e. the probability of trans-
mission is the same for each person in the waiting
room), the fact that more people are present means that
the chance that someone will become infected is much
greater. In our model we allowed for this by varying the
number of susceptible individuals present in each simu-
lation. Figure 4 presents results of analysis undertaken
for TB and influenza under the default conditions,
assuming that the mean number of susceptible indivi-
duals varies. From this it can be seen, that for both
infections, as the number of patients present increases,
so the number of new infections occurring also
increases, despite the fact that the personal risk to each
individual in the space is nominally constant. Further-
more, it can be seen from Figure 4 that the standard
deviation increases as the number of susceptible indivi-
duals present increases. Consequently, ‘high risk’ trans-
mission events are more likely to occur when many
individuals are present.
Figure 3 The effect of varying patient waiting time on the risk of transmission under the default conditions (assuming mean values
for p and t of 0.48 m
3/h and 30 minutes, respectively). (Error bars represent one standard deviation from the mean.)
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increased number of infection cases experienced in
overcrowded spaces is simply a reflection of the fact
that there are more susceptible individuals present to
become infected. However, while this is undoubtedly
true in part, in reality the whole picture is more com-
plex, as proximity to an index case also influences per-
sonal risk. For example, if a person walks into a room
containing one individual with open pulmonary tubercu-
losis, according to the Gammaitoni-Nucci model their
personal risk would be the same whether there were six
uninfected people in the room or 60. If, however, as a
result of having 60 people in the room space an indivi-
dual was forced into close proximity with the index
case, then their risk of contracting an infection would
probably increase. However, because of the logistical
and computational difficulties associated with simulating
proximity, it was not possible in our study to assess this
issue.
In order to prevent the transmission of airborne infec-
tion many researchers have advocated the use of
improved building ventilation [8,12,20] or air disinfec-
tion devices [21-23]. While such strategies undoubtedly
have potential in applications where exposure times are
long, their use in the waiting areas of healthcare facil-
ities appears to be much more questionable. Despite
this ultraviolet lamps were reported to be installed in
12/144 (8%) and HEPA (high efficiency particulate air)
filtered air provided in 22/138 (16%) of Emergency
Department waiting areas in facilities which recorded >1
case of TB per month [24]. From Figure 3 it can be
seen that little impact is made on the transmission of
TB and influenza by increasing the ventilation rate to 12
air changes per hour. This is because the exposure
times are generally too short for these infections to have
much impact. Any benefit derived from increased venti-
lation is significantly outweighed by factors such as the
exposure time and the numbers of susceptible indivi-
duals present. Even with high quanta producing dis-
eases, such as measles, where improved ventilation
might be beneficial, reducing: (i) waiting times; and (ii)
the number of susceptible individuals present, appear to
be as important as installing expensive ventilation/air
cleaning equipment. It is therefore important when
seeking to prevent the transmission of airborne viral dis-
ease to first minimize waiting times and the number of
susceptible individuals present before turning to expen-
sive technological solutions.
While the Gammaitoni-Nucci model calculates the
risk that an airborne disease might be transmitted in a
confined space, it is important to remember that the
results it produces rely wholly on the quality of the data
used. With respect to this, the room volume, room ven-
tilation rate, average pulmonary ventilation rate, and
average occupancy time, are all variables that can be
estimated with some degree of accuracy. However by
comparison, the quanta production rate is much harder
to estimate. This is because there is a paucity of good
quality data regarding quanta production rates. Values
are generally calculated retrospectively, using either the
Gammaitoni-Nucci or Wells-Riley equations after an
outbreak has occurred. Furthermore, published quanta
values can vary greatly for the same disease, making
comparisons difficult. For example, while Riley et al. [4]
Figure 4 The effect of varying the number of mean susceptible individuals within the waiting room under the default conditions
(assuming mean values for p, t and N of 0.48 m
3/h, 30 minutes and 4 AC/h, respectively). (Error bars represent one standard deviation
from the mean.)
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duced only 1.25 quanta per hour, Nardell et al. [8],
investigating a TB outbreak in a Massachusetts office
building, calculated the infectious dose to be 12.7
quanta per hour. Given the variability in the published
quanta production data, the results generated by the
Gammaitoni-Nucci model should only be considered as
indicative of trends rather than absolute values. Further-
more, because infectious individuals are likely to gener-
ate differing quanta production rates, it is important
when modelling the risk of transmission to use a range
of values, rather than use a single fixed quanta produc-
tion rate.
Acknowledgements
This study was self-funded. No external funding body was involved.
Author details
1Bradford Infection Group, School of Engineering, Design and Technology,
University of Bradford, Bradford, BD7 1DP, UK.
2Department of Microbiology,
Harrogate and District NHS Foundation Trust, Harrogate District Hospital,
Lancaster Park Road, Harrogate, HG2 7SX, UK.
Authors’ contributions
CBB and SJS designed the study. CBB developed the computer model and
KGK advised on the clinical aspects of the study. CBB wrote the manuscript
with major contributions from other authors. All authors have read and
approved the final manuscript.
Competing interests
The authors declare that they have no competing interests.
Received: 21 December 2009 Accepted: 20 August 2010
Published: 20 August 2010
References
1. Pittet D, Allegranzi B, Sax H, Dharan S, Pessoa-Silva CL, Donaldson L,
Boyce JM: Evidence-based model for hand transmission during patient
care and the role of improved practices. Lancet Infect Dis 2006,
6(10):641-652.
2. Riley RL, Mills CC, Nyka W, Weinstock N, Storey PB, Sultan LU, Riley MC,
Wells WF: Aerial dissemination of pulmonary tuberculosis. A two-year
study of contagion in a tuberculosis ward. 1959. Am J Epidemiol 1995,
142(1):3-14.
3. Nardell EA: Dodging droplet nuclei. Reducing the probability of
nosocomial tuberculosis transmission in the AIDS era. Am Rev Respir Dis
1990, 142(3):501-503.
4. Riley RL, Mills CC, O’Grady F, Sultan LU, Wittstadt F, Shivpuri DN:
Infectiousness of air from a tuberculosis ward. Ultraviolet irradiation of
infected air: comparative infectiousness of different patients. Am Rev
Respir Dis 1962, 85:511-525.
5. Beggs CB, Noakes CJ, Sleigh PA, Fletcher LA, Siddiqi K: The transmission of
tuberculosis in confined spaces: an analytical review of alternative
epidemiological models. Int J Tuberc Lung Dis 2003, 7(11):1015-1026.
6. Riley EC, Murphy G, Riley RL: Airborne spread of measles in a suburban
elementary school. Am J Epidemiol 1978, 107(5):421-432.
7. Tellier R: Review of aerosol transmission of influenza A virus. Emerg Infect
Dis 2006, 12(11):1657-1662.
8. Nardell EA, Keegan J, Cheney SA, Etkind SC: Airborne infection. Theoretical
limits of protection achievable by building ventilation. Am Rev Respir Dis
1991, 144(2):302-306.
9. Houk VH, Kent DC, Baker JH, Sorensen K, Hanzel GD: The Byrd study. In-
depth analysis of a micro-outbreak of tuberculosis in a closed
environment. Arch Environ Health 1968, 16(1):4-6.
10. Houk VN: Spread of tuberculosis via recirculated air in a naval vessel: the
Byrd study. Ann N Y Acad Sci 1980, 353:10-24.
11. Hutton MD, Stead WW, Cauthen GM, Bloch AB, Ewing WM: Nosocomial
transmission of tuberculosis associated with a draining abscess. J Infect
Dis 1990, 161(2):286-295.
12. Escombe AR, Oeser CC, Gilman RH, Navincopa M, Ticona E, Pan W,
Martinez C, Chacaltana J, Rodriguez R, Moore DA, et al: Natural ventilation
for the prevention of airborne contagion. PLoS Med 2007, 4(2):e68.
13. Noakes CJ, Beggs CB, Sleigh PA, Kerr KG: Modelling the transmission of
airborne infections in enclosed spaces. Epidemiol Infect 2006, 1-10.
14. Chen SC, Chang CF, Liao CM: Predictive models of control strategies
involved in containing indoor airborne infections. Indoor Air 2006,
16(6):469-481.
15. Gammaitoni L, Nucci MC: Using a mathematical model to evaluate the
efficacy of TB control measures. Emerg Infect Dis 1997, 3(3):335-342.
16. Wells WF: Airborne contagion and air hygiene. Cambridge, Massachusetts:
Harvard University Press 1955.
17. Rudnick SN, Milton DK: Risk of indoor airborne infection transmission
estimated from carbon dioxide concentration. Indoor Air 2003,
13(3):237-245.
18. Moser MR, Bender TR, Margolis HS, Noble GR, Kendal AP, Ritter DG: An
outbreak of influenza aboard a commercial airliner. Am J Epidemiol 1979,
110(1):1-6.
19. Control and prevention of tuberculosis in the United Kingdom: code of
practice 2000. Joint Tuberculosis Committee of the British Thoracic
Society. Thorax 2000, 55(11):887-901.
20. Nardell EA: The role of ventilation in preventing nosocomial transmission
of tuberculosis. Int J Tuberc Lung Dis 1998, 2(9 Suppl 1):S110-117.
21. Riley RL, Knight M, Middlebrook G: Ultraviolet susceptibility of BCG and
virulent tubercle bacilli. Am Rev Respir Dis 1976, 113(4):413-418.
22. Beggs CB, Sleigh PA: A quantitative method for evaluating the germicidal
effect of upper room UV fields. J Aerosol Sci 2002, 33(12):1681-1699.
23. Brickner PW, Vincent RL, First M, Nardell E, Murray M, Kaufman W: The
application of ultraviolet germicidal irradiation to control transmission of
airborne disease: bioterrorism countermeasure. Public Health Rep 2003,
118(2):99-114.
24. Moran GJ, Fuchs MA, Jarvis WR, Talan DA: Tuberculosis infection-control
practices in United States emergency departments. Ann Emerg Med 1995,
26(3):283-289.
25. Fennelly KP, Davidow AL, Miller SL, Connell N, Ellner JJ: Airborne infection
with Bacillus anthracis–from mills to mail. Emerg Infect Dis 2004,
10(6):996-1002.
Pre-publication history
The pre-publication history for this paper can be accessed here:
http://www.biomedcentral.com/1471-2334/10/247/prepub
doi:10.1186/1471-2334-10-247
Cite this article as: Beggs et al.: Potential for airborne transmission of
infection in the waiting areas of healthcare premises: stochastic analysis
using a Monte Carlo model. BMC Infectious Diseases 2010 10:247.
Submit your next manuscript to BioMed Central
and take full advantage of: 
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at 
www.biomedcentral.com/submit
Beggs et al. BMC Infectious Diseases 2010, 10:247
http://www.biomedcentral.com/1471-2334/10/247
Page 8 of 8